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Abstract  
The functional MR images consist of very high dimensional data containing thousands of 
voxels, even for a single subject. Data reduction methods are inevitable for the 
classification of these three-dimensional images. In this study in the first step of the data 
reduction, the first level statistical analysis was applied to fMRI data and brain maps of 
each subject were obtained for the feature extraction. In the second step the feature 
selection was applied to brain maps. According to the feature selection method used in the 
classification studies of fMRI and which is called as the active method, the intensity values 
of all brain voxels are ranked from high to low and some of these features are presented to 
the classifier. However, the location information of the voxels is lost with this method. In 
this study, a new feature extraction method was presented for use in the classification of 
fMRI. According to this method, active voxels can be used as features by considering brain 
maps obtained in three dimensions as slice based. Since the functional MR images have big 
data sets, the selected features were once again reduced by Principal Component Analysis 
and the voxel intensity values were presented to the classifiers. As a result; 83.9% 
classification accuracy was obtained by using kNN classifier with purposed slice-based 
feature extraction method and it was seen that the slice-based feature extraction method 
increased the classification.  
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1.  Introduciton 
fMRI, a special application of magnetic resonance imaging (MRI), is a noninvasive 
method. With this method, researchers record three-dimensional brain images while a 
subject performs a cognitive or sensory task in the MR device [1]. fMRI data analysis 
consists of image acquisition, pre-processing and statistical analysis. Due to its noisy 
structure, some preprocessing operations should be applied to fMR images. These processes 
are realignment, slice-timing, co-registration, segmentation and spatial normalization [2]. 
The most common filtering method used after standard pre-processing steps applied to 
fMRI images is known as spatial smoothing. With the spatial smoothing, the intensity value 
of each voxel is replaced with the mean values of neighboring voxels. This process 
corresponds to the use of a low-pass filter to suppress high-frequency signals in the 
frequency domain. Various filters are used to perform this operation. The most common 
spatial filtering method is the convolution of the image with the Gaussian filter [3].  
Statistical analysis of pre-processed fMRI data can be used to detect activations in brain 
regions [4]. In the statistical analysis of fMRI data, the voxel intensity values can be 
determined in the brain regions by comparing the changes in the control state with the 
changes in the task state. The most commonly used method to evaluate the statistical 
significance of neural correlations in the brain is known as Statistical Parametric Mapping 
(SPM). SPM is a voxel-based and univariate approach based on the General Linear Model 
(GLM) [5]. Activation maps are the result of statistical analysis applied to functional MR 
images are evaluated as characteristics that characterize the brain functions of each subject. 
SPM [6] based analysis produces voxel values under the null hypothesis distributed 
according to a known probability density function. This is accomplished by obtaining the 
spm.T maps expressing the activation maps.  
Functional MR data is composed of very high dimensional images containing thousands 
of voxels. These three-dimensional images need to be reduced for use in classification 
applications. The activation maps obtained as a result of analysis of fMRI data are one of 
the most important steps to reduce the size of fMRI.  Because of the fact that fMRI consists 
of three-dimensional images, even the activation maps have quite a number of voxels for 
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the classifier inputs. For this reason, the number of features should be reduced by applying 
feature selection processing to the reduced data. Many of the feature selection methods can 
be applied to spm.T maps obtained from fMRI data.  
However, [7] emphasized that some special feature selection methods would yield better 
results. In this context, voxel-based and transformation-based feature selection methods are 
possible to use. In transformation-based feature extraction, data is transferred from the 
original high-dimensional coordinate system to a new low-dimensional coordinate system. 
Principal Component Analysis (PCA) is one of the transformation- based feature extraction 
methods. In PCA applications, vectors are found as eigenvectors of the estimated 
covariance matrix of the data. Thus, the original fMRI data matrix is converted into rows in 
a transformation matrix with these vectors. 
Most often, the dimensionality of the data is reduced by eliminating the basic components 
with the lowest variance. PCA is used to create a new feature space from the high-
dimensional data. Each brain voxel is expressed in the new feature space with a vector [8]. 
Voxel-based feature extraction methods keep the data in the original coordinate system. 
However, all the voxels are sorted and used only as high-density valuable voxels as a result 
of feature extraction.   
"The most active voxel method" is the most commonly used method in the voxel-based 
feature extraction According to this method, voxels in the activation map are ranked from 
high to low according to their density values and the highest n voxels are selected as 
features. The disadvantage of this method is that it lost location informations of voxels. 
Another feature selection method which [7]  suggested is "the most distinctive voxels" 
method.  In this method, the accuracy of the selected voxels on the training data of the 
classifier is taken as a measure of the distinctive power of the voxel and the highest rated 
voxels according to this measurement are selected. Another feature selection method is 
"The most effective voxels according to their interest" method. This method is similar to 
the active method but allows a homogenous selection of voxels from all regions of interest 
(ROI) within the brain. This method applies the active method to each ROI and selects the 
most active voxels from each. 
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In this study, an alternative method against to active voxel method is proposed by using 
all brain voxels. With the proposed method which is called slice-based feature extraction, 
the density values of the active voxels in each slice of the three-dimensional image are 
evaluated according to sagital slice. Thus, all voxels are used as features without losing the 
position information. 
Support Vector Machines (SVM) [9, 10], k nearest neighbor (kNN) [11], Naive Bayes 
(NB) [12] and Random Forest (RF) [13] classifiers were used with Orange Canvas 3.4 to 
classify fMRI data. Classifier performances were evaluated by classifying accuracy (CA), 
Precision, Recall, F score, and area under ROC curves (AUC). In order to measure the 
performance of the classification process, training and test data were prepared by k-fold 
cross-validation method. When the classifier results were compared to the active voxel 
method and the slice-based method, it was seen that the slice-based method improves the 
classification results. 
 
2.   Material and Method 
In this study, fMR images, recorded from 20 healthy and 20 depression patients, 
were used. fMR images were obtained with positive and negative visual stimulus by 
block design recording procedure [14] . The processing steps applied to the recorded 
fMRI data are shown in Figure 1. In this study,  re-alignment, slice-timing, co-
registration, and spatial normalization operations were applied to the fMRI data with the 
SPM12. With re-alignment, the image's volumes are re-aligned to a single reference 
volume to correct errors due to head movements. Slice timing used to correct the timing 
difference between slices. The fMRI data does not provide a very clear image from the 
anatomical point of view. For this reason, the functional images were co-registered with 
the structural images.  After co-registration, high-resolution T1 images were normalized 
to a T1-weighted standard brain template by spatial normalization. With the last step 
which is called smoothing, the distorting effect on the image was eliminated.  
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Figure 1. The workflow of the study 
Examples of the preprocessing steps performed in this study are shown in Figure 2 
for a subject selected from the control group. 
 
Figure 2. Preprocessing steps applied to a functional MR image of a subject selected from 
the control group a) Realignment b) Normalization c) Smoothing 
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  In the next steps of this study are feature extraction, feature selection and classification of 
pre-processed fMRI data. The first operation of feature extraction is statistical analysis. In 
this study, fMRI data obtained from one subject contained 79x95x78 voxels. The total 
number of data consists of 120 fMRI volumes recorded for 4 seconds each. There are a total 
of 79x95x78x120 voxels in 120 volumes. In such conditions, it is impossible to use such 
high-size data that accommodate all brain voxels in classifier inputs. For this purpose, in 
order to reduce the size of fMRI data and also to obtain the density values of the voxels 
used as determinants of the classification problems, first level statistical analysis was 
applied to fMR images. As a result of this process, spm.T maps were created for all subjets.  
In this study, the first stage of feature extraction was completed for each subject by using 
spm.T maps. So that fMRI data with 79x95x78x120 dimension was reduced to 79x95x78 
by using the spm.T map. This process was carried out for all 40 subjects. Figure 3 shows a 
spm.T maps of a healthy and a patient subject which are randomly selected.  
 
Figure 3 (a) Spm.T map of a subject from the control group (b) Spm.T map of a subject 
from the patient group 
Figure 4 shows the colored map of the spm.T map of the control group given in Figure 3. 
 
Figure 4. Color image of the activation map of a subject belonging to the control group 
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3.   Findings and Discussion 
 3.1.  Evaluation of classifier results by active voxel feature selection method 
In this study, a total of 585390 voxels were present in the activation map (79x95x78) of a 
subject. Primarily, all of these voxels were presented to the classifiers as features but the 
result was not obtained. Secondly, according to the active voxel method, voxels were 
ranked from the highest to the lowest value and the first 1000 voxels features were chosen. 
Thus, a total of 1000 features for one subject and 1000x40 for 40 subjects were presented to 
the classifiers. The classification results are shown in Table 1. 
Table 1. Classification results for the active voxel method 
 AUC CA F1 Precision Recall 
SVM 57,50 57,50 66,70 60,80 57,50 
NB 57,50 55,00 57,10 55,10 55,00 
kNN 57,50 62,50 66,70 63,30 62,50 
RF 52,50 47,50 48,80 47,50 47,50 
 
AUC given in Table 1 is expressed the area under the ROC curve. CA is the classification 
accuracy. Precision is the positive prediction success and Recall shows how successful the 
positive samples are estimated. F1; indicates the harmonic mean of precision and recall 
values. In order to measure the performance of the classification process, training and test 
data were prepared by k-fold cross-validation method.  The highest classification accuracy 
for Table 1 was obtained by kNN with 62.5% and the lowest classification accuracy was 
obtained by RF with 47.5%. 
3.2. Evaluation of classifier results by slice-based feature selection method 
In this study, a new feature selection method that can be used for functional MR images is 
suggested as an alternative to the active voxel method. With this method, the density values 
of the active voxels in each slice are evaluated according to the sagittal section. This 
method allows data transformation without losing voxels location information. According 
to the slice-based feature selection method, (79x95x78  7505x78) voxels in 78 different 
sagital slices were obtained for each subject. An important property of the slice-based 
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method is that it increases the number of samples used for one person by using 78 slices for 
a subject. This method can be used to increase the number of samples in studies where the 
number of subjects is insufficient. In the method of slice-based feature selection, PCA was 
used to reduce the number of features after data transformation was completed. In this 
study, 20 principal component features were used. Thus, 20x78 features for one subject and 
20x3120 for 40 subjects were presented to the classifiers. The classification results are 
shown in Table 2. 
Table 2. Classification results for the slice-based method 
 AUC CA F1 Precision Recall 
SVM 67,9 67,9 62,1 69,8 67,9 
NB 75,7 67,8 67,0 67,9 67,8 
kNN 92,7 83,9 83,9 83,9 83,9 
RF 87,2 78,5 78,2 78,5 78,5 
 
The highest classification accuracy for Table 2 was obtained by kNN with 83.9% and the 
lowest classification accuracy was obtained by RF with 78.5%.  According to the feature 
selection method used in the classification studies of fMRI and which is called as the active 
method, the intensity values of all brain voxels are ranked from high to low and some of 
these features are presented to the classifier. However, the location information of the 
voxels are lost with this method. Especially in the classification of psychiatric diseases, it is 
known that activations occur in different brain regions of healthy persons and patients due 
to mood changes. In this study, a new feature selection method is presented for use in 
classification studies using all brain voxels. According to this method, active voxels can be 
used as features by considering brain maps obtained in three dimensions as slice based. 
Since the functional MR images have a very large size of data, the selected features were 
once again reduced by Principal Component Analysis and the obtained voxel intensity 
values were presented to the classifier. As a result, it was seen that the slice-based feature 
extraction method increased the classification accuracy against the active method. 
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